This paper presents a computationally-efficient technique for decomposing the non-orthogonally superposed k geometric sequences. The method, namely geometric sequence decomposition with ksimplexes transform (GSD-ST), is based on the idea of transforming an observed sequence to multiple k-simplexes in a virtual k-dimensional space and correlating the volumes of the transformed simplexes.
I. INTRODUCTION
A geometric sequence is a series of numbers in which the ratio between any two consecutive terms is fixed. Recall that a geometric sequence is expressed by {a, ar, ar 2 , ar 3 , · · · } where a is the initial term and r is the common ratio of the sequence. Depending on the common ratio, the geometric sequence can increase, decrease, or remain constant as it progresses. The sequence may also oscillate in the complex plane if the common ratio is a complex number.
Consider k geometric sequences with nonidentical common ratios, s 1 , s 2 , · · · , s k . Then, assume that we have no information about the individual sequences but we can only observe a superposition of k geometric sequences s: s = s 1 + s 2 + · · · + s k = k n=1 a n , k n=1 a n r n , k n=1 a n r 2 n , · · · .
Let us pose an interesting question as follows:
• How can we decompose a superposition of geometric sequences into the individual sequences in a computationally-efficient manner?
To answer the question, firstly the number of superposed sequences should be estimated. Secondly, the parameters of each sequence, i.e. the initial term and the common ratio, should be recognized.
The foremost contribution of this paper is to propose a new technique addressing the aforementioned problem. The main idea is to transform the observed sequence to a k-dimensional space. For this, we bring in a well-known concept in geometry, k-simplex [1] . A k-simplex is a k-dimensional polytope which is the convex hull of its k + 1 number of k-vertices. For example, a 3-simplex means a tetrahedron in a three-dimensional space. By using the concept, we develop a method which we term geometric sequence decomposition with k-simplexes transform (GSD-ST). Our method turns the complicated problem of decomposing k geometric sequences into a simple root-finding of a k-th order polynomial equation. The GSD-ST requires only 2k + 1 samples of the superposed sequence to estimate the number of geometric sequences, k, and to retrieve the parameters of each sequence. The required samples further reduce to 2k if k is known a priori.
The proposed GSD-ST is not only an intriguing mathematical trick, but it also has significance to wireless communications. This is because a sampling of a radio wave is indeed a geometric sequence. A radio wave is normally represented by a complex-valued function, simply in a form of Ae i2πf t , where A denotes the constant value accounting for the amplitude and phase, and f and t are the frequency and the time, respectively. One can notice that a sampled progression of a radio wave with time interval ∆t makes a geometric sequence with the initial term of A and the common ratio of e i2πf ∆t . This means that, if we can decompose a superposition of geometric sequences, we can also separate multiple incoming radio waves that are nonorthogonally accumulated. Therefore, our work lays the foundation for new ways of handling wireless signals in the interference-limited environments.
A. Related Works
Interference is a phenomenon that multiple waves superpose to form a resultant wave of amplitude and phase. It is common in various fields dealing with waves, and thus extensive studies have been conducted to extract the desired wave or to separate all the accumulated waves. These include blind sound source separation in acoustics [2] , [3] , target detection in radar systems [4] , [5] , and wireless communications [6] - [17] .
In the wireless communication systems, the interference has been traditionally managed by orthogonalizing the signals. Intuitively, one of the easiest approaches to the orthogonality is to coordinate the multiple waves in the time domain. Thus, the time-division multiplexing (TDM) remains as the basic principle of user scheduling in cellular networks [6] , [7] and collision avoidance in Wi-Fi systems [8] , [9] . In the frequency domain, the orthogonal frequency-division multiplexing (OFDM) has become a key element of modern broadband systems such as the IEEE 802.11 family [10] , [11] and Long Term Evolution (LTE) [12] .
The scarcity of radio spectrum forced the researchers to go beyond the orthogonal division of radio resources. Further, the stringent requirements of high data rate and low latency in 5G magnify the need. So, there have been numerous attempts to deal with non-orthogonal accumulation of radio waves. If we confine the discussion to the radio access where the challenge is to accommodate multiple uncoordinated requests with ultra-low latency, non-orthogonal multiple access (NOMA) has been considered a practical solution [13] - [17] . This technique separates the multiple signals in the power domain by means of iterative decoding. This means that NOMA relies on the difference between the powers of received signals. Thus, its effectiveness becomes limited as the number of accumulated signals increases and the power difference decreases.
If a new method is available that can separate several randomly superposed radio waves regardless of the distribution of the received powers, it will be a powerful tool of designing radio access schemes for ultra-low latency. We will demonstrate that the proposed GSD-ST is a strong candidate.
B. Main Contributions
Our objective is to decompose a non-orthogonal superposition of geometric sequences into the original sequences without information loss when we can only observe the superposed sequence.
The superposition is a one-dimensional progression, but it contains the information about k sequences. Thus, we depart from an intuition that a proper transformation of the observed sequence to a k-dimensional space may facilitate the analysis of the overlap of k geometric sequences. We develop the idea further with the concept of k-simplex, and propose the GSD-ST method. We will provide a simple numerical example and the formal methodology of GSD-ST in the subsequent sections.
Consider a superposed sequence s. The GSD-ST has the three main ingredients for the decomposition of s:
• Set of k-vertices from s: this is a search space in a k-dimensional space, which is constructed from the elements of s. For an arbitrary k, we compose the following two different types of k-simplexes using this set of k-vertices.
• A series of basic k-simplexes: this is a series of k-simplexes made from the set of k-vertices from s to represent the characteristics of s in a k-dimensional space. We will prove that the volumes of the basic k-simplexes constitute a single geometric sequence if and only if s is the superposition of k geometric sequences. This property enables us to estimate the number of superposed sequences, k.
• Quotients of volumes of combinatorial k-simplexes: once k is estimated, we pick two consecutive basic k-simplexes to construct k + 1 number of k-simplexes, named combinatorial k-simplexes. Then, we establish a polynomial equation whose coefficients are the quotients of the volumes of the combinatorial k-simplexes. We will prove that the roots of the equation are the common ratios of the original geometric sequences.
The entire process of GSD-ST requires only 2k + 1 samples of s. However, it may be prone to the effect of noise in practice. Thus, we also provide a practical de-noising technique which utilizes more samples than the minimum requirement.
As discussed earlier, the decomposition of geometric sequences is equivalent to the separation of non-orthogonally overlapping radio waves. To exemplify the potential of GSD-ST for wireless communications, we introduce a new radio access scheme, namely non-orthogonal interferencefree radio access (No-INFRA), which allows multiple transmitters to randomly select frequencies in a continuous domain within a given signal bandwidth and to transmit simultaneously. Then, the receiver samples the mixed signal and decodes all the information with the GSD-ST. Contrary to the orthogonal resource division which inevitably suffers from the collisions of access requests, the No-INFRA enjoys the collision-free access by eliminating the notion of interference.
In summary, our main contributions in this study is threefold; first, we propose a new method of GSD-ST for the decomposition of non-orthogonally superposed geometric sequences; second, we provide the formal methodology consisting of theorems and proofs to sustain the GSD-ST method; third, we introduce a new radio access scheme of No-INFRA to demonstrate how the GSD-ST can be applied to wireless communications.
C. Organization of the Paper
The remainder of this paper is organized as follows. In Section II, we provide a numerical example of GSD-ST to help the readers understand the new method. Section III presents the formal methodology of GSD-ST accompanied by the necessary theorems and a practical denoising process. This is followed by Section IV where we propose the No-INFRA scheme. In Section V, the performance of No-INFRA is compared with a conventional scheme of orthogonal resource division. Finally, Section VI presents the concluding remarks.
D. Notations
The following symbols will be used throughout the paper.
an arbitrary sequence with length P whose l-th element is b[l]. • k: the number of superposed geometric sequences.
• s n : the n-th geometric sequence.
• a n ∈ C: the initial term of s n , (a := {a 1 , · · · , a k }).
• r n ∈ C: the common ratio of s n , (r := {r 1 , · · · , r k }). 
made by k different samples of an arbitrary sequence b sketched by φ k .
• e(v 0 , . . . , v k−1 ): a function that returns the k-simplex by connecting the (k + 1) number of k-vertices which consists of the origin and the given k number of k-vertices, v 0 , . . . , v k−1 , in a k-dimensional space.
• Λ: a function that returns the volume of the k-simplex [18] 
. In addition, if the input is a series of k-simplexes, this function returns the series of volumes of each k-simplex as an output.
• 1 k : the one-vector whose length is k.
II. A SIMPLE EXAMPLE OF GSD-ST
In this section, we provide a numerical example to help the readers understand the new concept of GDS-ST. Consider the following three geometric sequences where P is the length of the sequences: 3, 9, 27 , 81, · · · },
Then, suppose that we have no information about the three sequences and we can only observe their superposition, s, i.e. s = s 1 + s 2 + s 3 = {2 · 2 l + 1 · 3 l + 4 · (−1) l } P −1 l=0 = {7, 3, 21, 39, 117, 303, 861, · · · }.
Our objective is to estimate how many sequences are superposed and to obtain the parameters of each sequence.
A. Estimation of the Number of Sequences
Let k be the true number of the superposed geometric sequences, andk be an estimate of k.
Theorem 1 in Section III states that the volumes of successively generatedk-simplexes make a non-zero geometric sequence if and only ifk = k.
For the case thatk = 2, we consider a two dimensional space where we generate 2-simplexes, i.e. triangles, from the origin and consecutive values of s. Let us create three triangles, namely A 1 , A 2 , and A 3 with the following coordinates:
where (·) T is the transpose of an input. Then, we examine whether the volumes of the triangles,
it does not make a geometric sequence. Thus, we conclude that k = 2.
For the case ofk = 3, we increase the dimension by one and consider 3-simplexes, i.e.
tetrahedrons. We create three tetrahedrons denoted again by A 1 , A 2 , and A 3 with the following coordinates: with the common ratio of −6. Therefore we confirm that s is a superposition of three geometric sequences.
For thek greater than 3, one can easily verify that the volumes ofk-simplexes always constitute a sequence of zeros.
B. Obtaining Parameters of Each Sequence
Given that k is correctly estimated, we can fully extract the original sequences with 2k sampling of s. The procedure is divided into five steps. Third, choose k out of k +1 vertices shown above. By including the origin, we can create k +1 different k-simplexes in the lexicographically ordered manner. This corresponds to 4 tetrahedrons in this example with the following coordinates: Fourth, let Λ(B n ) denote the volume of n-th tetrahedron. Surprisingly, the following relationship holds by Theorem 2 in the next section:
Notice that these are the coefficients of a polynomial whose roots are r 1 , r 2 , and r 3 . Therefore, the common ratios of the geometric sequences can be obtained by solving the polynomial equation as below:
Finally, once the common ratios of the sequences are obtained, we can extract the initial terms by solving a simple linear system of equations.
It should be emphasized that this section illustrated a simplified example of the GSD-ST. The formal methodology of GSD-ST is more general that, for example, the required samples do not need to be consecutive.
III. METHODOLOGY OF GSD-ST
This section provides the general methodology of GSD-ST. The overall concept of GSD-ST is depicted in Fig. 1 .
A. Set ofk-Vertices to Construct the Search Space
For any two differentk-vertices, φk ,s and φ k ,s , we will say that they are index-dependent if In other words, Ξ ic (φk ,s ) is the set ofk-vertices which is formed by successively creating a newk-vertex at index intervals of i c · 1k starting from φk ,s . This means that index-independent k-vertices provide different search spaces. By the definition of geometric sequence, s[n] is a polynomial of degree (n + 1) consisting of the initial terms of degree one and the common ratios of degree n. Thus, according to the Definition 1, the volume of anyk-simplex made by the origin
becomes a homogeneous polynomial whose degree is determined by j,k, i c , and φk. This property of algebraic geometry supports the approaches in the following subsections.
B. Series of Basick-simplexes to Estimate the Number of Superposed Geometric Sequences
In this subsection, we will estimate the number of superposed geometric sequences, k. For this, let us firstly look at an interesting property of the search space Ξ ic (φ k,s ).
) be a series of basic k-simplexes for given s, φ k,s , and i c , where the j-th basic k-simplex is denoted by
Recall that Λ(ξ ic (φ k,s )) denotes a series of volume of basic k-simplexes.
Proof. Regardless of φ k,s , we can extract the following polynomial from each element of Λ(ξ ic (φ k,s )):
for any j, both j-th and (j + 1)-th elements of Λ(ξ ic (φ k,s )) are expressed as follows:
where φ (j) (1) and (2), the following condition is satisfied for any j:
Thus, we can verify that Λ(ξ ic (φ k,s )) is a geometric sequence.
It is an interesting and useful property that k non-orthogonally superposed geometric sequences can be transformed into a single geometric sequence. The fact that Λ(ξ ic (φ k,s )) is a geometric sequence, regardless of φ k,s and i c , can be utilized for the estimation of k.
Theorem 1. Λ(ξ ic (φk ,s )) is a non-zero geometric sequence if and only ifk is k.
Proof. Lemma 1 provides that Λ(ξ ic (φk ,s )) is a non-zero geometric sequence ifk is k. In addition, we show its inverse as below: i)k < k: if an arbitrary sequence b is a geometric sequence, then the following holds for any j:
Thus, we can easily verify with a simple calculation that
ii)k > k:k-simplexes cannot be represented by k number of linearly independent bases, and so the corresponding volumes become zero, i.e. Λ(ξ ic (φk ,s )) is an all-zero sequence.
Next, we derive the minimum number of samples to estimate k, i.e. the minimum required P .
Corollary 1. For given s, the minimum required P to estimate k is 2k + 1.
Proof. First, set i c to 1. Next, with the increment ofk, set φk = {0, 1, · · · ,k − 1} in Theorem 1.
C. Combinatorial k-simplexes to Extract Initial Terms and Common Ratios
After estimating k in the observed sequence, we can specify the search space for extracting a and r. iii) Paste these two k-simplexes to create a new polyhedron having k + 2 vertices, which we call the j-th union polyhedron 1 .
1 These two consecutive basic k-simplexes can be attached because they share the coface made by k number of k-vertices based on the definition of ξ1(φ k,s ).
iv) Extract lexicographically ordered (k + 1) number of k-simplexes out of the j-th union polyhedron.
We further define the volume quotients of combinatorial k-simplexes with the j-th union polyhedron, v j (φ k,s ), as follows:
Theorem 2. For given s, v j (φ k,s ) is unique regardless of j and φ k .
can be derived as follows:
Therefore, all possible v j (φ k,s ) are identical to each other.
By Theorem 2, v j (φ k,s ) is unique for given s, and thus can be simplified as v(k, s). This uniqueness is a strong property because it implies that all of search spaces contain the same information regardless of the selection of the initial k-vertex. Based on the information of v(k, s),
we can make a polynomial equation for r as follows:
The roots of (6) are the common ratios r which we look for. In addition, the minimum number of samples for extracting r can be described as below.
Corollary 2. Given k, the most compact sampling for extracting r is to take 2k consecutive samples of sequence s.
Proof. Set φ k = {0, 1, · · · , k − 1} in Theorem 2.
After estimating r, it is trivial to obtain a by the simple matrix pseudo-inversion: a = R + s,
where R ∈ C P ×k is the matrix constructed by r satisfying R[m, n] := r m n+1 for m, n = 0, 1, 2, ..., and (·) + is the pseudo-inverse operation. Each pair of initial term and common ratio is matched through this matrix operation, and thus there is no paring problem between the initial terms and the common ratios.
In summary, starting from an arbitraryk-vertex, φk ,s , we estimate the number of superposed geometric sequences by verifying that a series of volume of basick-simplexes, Λ(ξ ic (φk ,s )), is a geometric sequence. Then, we obtain common ratios, r, through the volume quotients of combinatorial k-simplexes, v(k, s). Finally, initial terms, a, are obtained by a simple matrix operation.
Let the method of GSD-ST be denoted by S(·). Then, S(s) := {(a 1 , r 1 ), · · · , (a k , r k )},
where S is a nonlinear function including the entire process of estimating k and extracting {(a 1 , r 1 ), · · · , (a k , r k )}. In addition, we define the inverse of GSD-ST, S −1 (·), as follows:
Based on Corollary 1 and Theorem 2, S −1 (S(s)) is equivalent to s when s = s 1 + · · · + s k and P ≥ 2k + 1. Algorithm 1 summarizes the steps of GSD-ST consisting of two phases: estimation of k and extraction of a and r.
D. GSD-ST with Noisy Samples
So far, we have assumed that the observation of s is flawless. However, the observed sequence may be prone to noise particularly in wireless communications. Thus, we present the practical ways of mitigating errors in s in this section. Let us define s w such that
where w denotes a sequence of random variables representing additive white Gaussian noise (AWGN). The fundamental approach of the de-noising process is to utilize more samples than the minimum requirement, i.e. to consider P > 2k + 1. Pick any φk ,s ∈ Φk ,s and i c ∈ N.
6:
Establish Ξ ic (φk ,s ) as per the Definition 1.
7:
Make ξ ic (φk ,s ) as per the Definition 2.
8:
Construct Λ(ξ ic (φk ,s )).
9:
Check whether Λ(ξ ic (φk ,s )) is a geometric sequence.
10:
Setk tok + 1. 
where || · || is the Euclidean norm of an input. Let k * bek minimizing D(k, s w ) and we will determine it as k. Here, i U is the upper bound of i c , which corresponds to P −k k+1 where · is the operator of floor calculation. For given i Let N d be the number of Euclidean distances to be computed. It is given by
The computation of D(k, s w ) is demanding for a large number of P . Thus, we define two simplified similarity functions, D d (k, s w ) and D r (k, s w ), as follows: 2) Extraction of initial terms and common ratios with noise: The de-noising of s w is essentially a process of separating s and w. Here, s is an index-wise correlated sequence with 2k of parameters of interest, whereas w is a sequence of random variables. We focus on the fact that s has k number of nonidentical bases. Further, each basis is made by only one parameter, i.e. the common ratio, from the nature of geometric sequence. From this perspective, the de-noising of s w can be handled by suppressing of the number of bases for s w to k.
Thus, we utilize the iterative k-truncated singular value decomposition (SVD) [19] for only taking the k largest singular values and their corresponding vectors. Let s w * be the de-noised sequence which is the output of the following process: i) Make a matrix, Q ∈ C P h ×(P −P h +1) , from s w satisfying the condition:
ii) Execute k-truncated SVD of Q. v) Repeat the above four-step process with the stopping criterion until s w converges to s * w . The above de-noising process for s w is equivalent to making the bases of Q for both row space and column space identical to each other, aiming to minimize the number of parameters in s w . Then, we extract a and r by using s * w . Algorithm 2 summarizes the process of GSD-ST with noisy samples.
IV. APPLICATION OF GSD-ST TO NON-ORTHOGONAL INTERFERENCE-FREE RADIO ACCESS

A. Potential of GSD-ST for Wireless Communications
The ability to decompose geometric sequences opens up a new possibility of separating the non-orthogonally superposed k radio waves. This means that, even if the overlapping radio waves are not linearly orthogonal, they can be decomposed as if there were no interference through just 2k sampling with a rate faster than the highest frequency component. Theoretically, GSD-ST enables the infinitely many users to share a limited bandwidth if each user randomly picks its frequency.
To harness this advantage, we propose a novel technique, namely No-INFRA, as an application of GSD-ST to radio access networks. It strives to eliminate the effect of collisions of multiple access attempts by letting each user randomly select its frequency within a limited bandwidth and by employing GSD-ST for the demodulation process. The following one-to-one correspondences between GSD-ST and No-INFRA hold, and thus we will use these terms interchangeably.
• Number of geometric sequences (k)
Number of signals containing independent messages.
• Non-orthogonally superposed k geometric sequences with noise (s w ) Sampled signal at the receiver.
• Initial term of the n-th geometric sequence (a n ) Symbol of the n-th message.
• Common ratio of the n-th geometric sequence (r n ) Subcarrier carrying the n-th messages. Here, x i is a modulated symbol containing the information transmitted by the i-th baseband signal, where E[||x i || 2 ] = 1. Then, for a discrete sampling domain l ∈ {0, 1, · · · , P − 1}, the discrete baseband sequence at the receiver is given by
where ∆T s and P are the sampling interval and the number of samples, respectively. In addition, β i is the factor of power attenuation from the i-th transmitter to the receiver, and we assume that it is known to the receiver. The factor of power attenuation and modulated symbol, i.e. β i and
x i , are integrated into the initial term of the i-th sequence, a n . Further, f i and ∆T s are integrated into the common ratio of the i-th sequence, r n . The procedure for No-INFRA is described in Algorithm 3.
V. PERFORMANCE ANALYSIS
In this section, we evaluate the performance of the proposed No-INFRA mainly in terms of symbol error rate (SER). The result is based on 2×10 5 Monte Carlo simulation experiments. We assume that the symbol duration and the signal bandwidth are 1 msec and 30 kHz, respectively. Also, we set that the sampling rate at the receiver is equivalent to the signal bandwidth, i.e. P = 30. Furthermore, we assume that the signal-to-noise ratio (SNR) of each signal follows a normal distribution, N (γ dB , σ 2 dB ), in dB scale.
A. Effect of De-noising Process
Firstly, we examine the impact of the de-noising process on the performance of GSD-ST. Fig. 2 shows the performance of de-noising in terms of normalized mean square error (NMSE) between the original sequence and the observed/reconstructed sequences when k is known. We set σ dB to zero, which means that all sequences undergo the same γ dB . The convergence speed of de-noising is also presented to indicate its complexity. Each transmitter picks the frequency of subcarrier through a continuous uniform distribution in the range [1kHz, 30kHz]. We set the stopping criterion ( ) and the maximum number of iterations (I max ) as 10 −10 and 30, respectively. Fig. 2a suggests that the de-noising is an appropriate pre-processing of the GSD-ST. Notice that the NMSE of the observed sequence is inverse-proportional to the SNR. As expected, reconstruction of the sequence through GSD-ST incurs more errors without the de-noising.
Conversely, the de-noising makes the reconstructed sequence even closer to the original one. The gap between the GSD-ST with de-noising and the observed sequence remains almost constant regardless of γ dB , which indicates that the de-noising is effective in the whole range of SNR.
Hence, we will keep employing the de-noising in the subsequent experiments. and I is the number of iterations. Thus, the distributions of I for different γ dB values are shown in Fig. 2b to represent the complexity of de-noising and its convergence tendency. It is observed that the de-noising converges faster in high SNR regime. When γ dB = 5, the de-nosing process fails to converge for 9.35% of the cases. On the contrary, the de-noising finishes in a relatively short time for high SNR, e.g. 11.33 iterations when γ dB = 100.
B. Comparison with Conventional Scheme in Random Access
In this subsection, the SER performance of No-INFRA is shown as functions of the SNR distribution (N (γ dB , σ 2 dB )), the number of transmitters (k), and the modulation order (M ) under the assumption that k is known. In our simulation, quadrature amplitude modulation (QAM) is adopted for modulation. For a performance comparison, we choose an orthogonal random access with successive interference cancellation (ORA+SIC) [15] , [16] . It consists of two steps ORA+SIC at 8 QAM. For BPSK and QPSK, the demodulation is possible just through the phase difference, but from 8 QAM, the information of amplitude difference is also needed. This is why the performance of ORA+SIC to resolve the interference in the power domain starts to worsen from 8 QAM. In addition, when k = 4, No-INFRA shows much better performance than ORA+SIC for all M .
In summary, No-INFRA outperforms ORA+SIC in the scenarios of large number of transmitters, high modulation order, and similar received powers. It is interesting that GSD-ST and SIC can be complementing techniques. GSD-ST works best when received powers of the individual signals are similar, which is the worse case for SIC. GSD-ST makes full use of high SNR,
while SIC is more robust to noise. Thus, GSD-ST and SIC can be alternative design choices for different environments.
C. Detection Rate of Number of Transmitters
In this subsection, we analyze the performance of estimating the number of transmitters, k. Here, we assume k ∈ {1, 2, 3, 4}. It is equivalent to the process of estimating the number of parameters using only 30 noisy samples without additional information such as the noise level. Table I shows the detection rates of the three similarity functions, D r , D D and D in the environments of σ dB ∈ {0, 10}. In the entire scenarios, the detection rate is higher at σ dB = 0 than at σ dB = 10. This suggests that a higher detection rate is obtained when there is less difference in the received power of each transmitter's signal. It is noteworthy that in the cases of k = 2 and σ dB = 0, the detection rate is higher than 90% for all similarity functions. In our algorithm, the most probable k is estimated based on the values of the similarity function calculated over the given samples. Therefore, it is superior to techniques that require a relatively large number of samples and require prior knowledge of noise levels such as the constant false alarm rate (CFAR) algorithm [21] , [22] . In addition, this method has the potential to be used as a pre-process of parametric estimation techniques such as multiple signal classification (MUSIC) algorithm that assumes the number of parameters is known [23] , [24] .
VI. CONCLUSION AND FUTURE WORKS
We introduced the mathematical method for decomposing the non-orthogonally superposed k geometric sequences, which we term GSD-ST. Our method converts the problem of decomposing k geometric sequences into a solving of a k-th order polynomial equation. We employed the concept of k-simplex for a formal derivation of the method, and proved that only 2k + 1 samples are required for the entire process of GSD-ST.
The proposed GSD-ST can be widely applied to the field of wireless communications because a sampled radio wave comprises a geometric sequence. To exemplify its potential for dealing with non-orthogonally accumulated radio signals, we presented a new radio access scheme, namely
No-INFRA, which allows a receiver to demodulate multiple uncoordinated access requests simultaneously. Numerical results show that No-INFRA is effective in the interference-limited environments.
Considering the intrinsic similarity between radio wave and geometric sequence, we believe that the GSD-ST method can open new horizons in the various research fields. Depending on which physical domain the superposed radio waves are sampled, the potential of GSD-ST is broadened for sparse channel estimation capturing the features of multi-path channel such as excess delay, Doppler shift, or direction-of-arrival. In addition, the GSD-ST method can be useful for mitigating the orthogonality cracks such as inter-symbol or inter-carrier interference in OFDM systems. The abundant applicability of GSD-ST will play a crucial role in providing disruptive technologies for wireless communications.
